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1. Bipartite networks are widely-used to represent a diverse range of species interactions, such as 23 pollination, herbivory, parasitism and seed dispersal. The structure of these networks is usually 24 characterised by calculating one or more metrics that capture different aspects of network architecture.
25
While these metrics capture useful properties of networks, they only consider structure at the scale of 26 the whole network (the macro-scale) or individual species (the micro-scale). 'Meso-scale' structure 27 between these scales is usually ignored, despite representing ecologically-important interactions.
28
Network motifs are a framework for capturing this meso-scale structure and are gaining in popularity. 29
However, there is no software available in R, the most popular programming language among 30 ecologists, for conducting motif analyses in bipartite networks. Similarly, no mathematical 31 formalisation of bipartite motifs has been developed. 32 2. Here we introduce bmotif: a package for counting motifs, and species positions within motifs, in 33 bipartite networks. Our code is primarily an R package, but we also provide MATLAB and Python code 34 of the core functionality. The software is based on a mathematical framework where, for the first time, 35
we derive formal expressions for motif frequencies and the frequencies with which species occur in 36 different positions within motifs. This framework means that analyses with bmotif are fast, making 37 motif methods compatible with the permutational approaches often used in network studies, such as 38 null model analyses. 39 3. We describe the package and demonstrate how it can be used to conduct ecological analyses, using 40 two examples of plant-pollinator networks. We first use motifs to examine the assembly and 41 disassembly of an Arctic plant-pollinator community, and then use them to compare the roles of native 42 and introduced plant species in an unrestored site in Mauritius. 43 4. bmotif will enable motif analyses of a wide range of bipartite ecological networks, allowing future 44 research to characterise these complex networks without discarding important meso-scale structural (the proportion of possible interactions which are realised), nestedness (the extent to which specialist 59 species interact with subsets of the species generalist species interact with), degree (number of partners 60 a species has) and d¢ (the extent to which a species' interactions deviate from a random sampling of its 61 partners). 62
While these metrics describe useful properties of networks, macro-scale measures, such as connectance 63 and nestedness, can be too broad to capture fine-scale details, while micro-scale metrics, such as degree 64 as d¢, can be too narrow to capture a species' indirect interactions (Cirtwill, Roslin, Rasmussen, Olesen, 65 & Stouffer, 2018). Capturing network structure at the meso-scale between these macro and micro scales 66 is necessary to overcome these issues (Cirtwill et al., 2018 To capture meso-scale structure, ecologists are increasingly using bipartite motifs: subnetworks 73
representing interactions between a given number of species (Fig. 1) . These subnetworks can be thought 74 of as the basic 'building blocks' of networks (Milo et al., 2002 
Defining bipartite motifs 95
In a bipartite network containing N species, a motif is a subnetwork comprising n species and their 96 interactions (where n < N and all species have at least one interaction). 
108
Networks in bmotif are represented as incidence matrices (M), with one row for each species in the first 109 set (such as pollinators) and one column for each species in the second set (such as plants mcount takes a network as input and returns a data frame with one row for each motif (17 or 44 rows 124 depending on whether motifs up to five or six nodes are requested, respectively) and three columns.
125
The first column is the motif identity as in Fig. 1 ; the second column is the motif size class (number of 126 nodes each motif contains); and the third column is the frequency with which each motif occurs in the 127 network (a network's motif profile). For comparing multiple networks it is important to normalise motif 128 frequencies. Therefore, if the 'normalise' argument is TRUE, three columns are added to the data frame, 129 each corresponding to a different method for normalising motif frequencies. The first column 130 ('normalise_sum') expresses the frequency of each motif as a proportion of the total number of motifs 131 in the network. The second column ('normalise_sizeclass') expresses the frequency of each motif as a 132
proportion of the total number of motifs within its size class. The final column ('normalise_nodesets') 133 expresses the frequency of each motif as the number of species combinations that occur in a motif as a 134
proportion of the number of species combinations that could occur in that motif. For example, in motifs 135 9, 10, 11 and 12, there are three species in the top set (A) and two species in the lower set (B) (Fig. 1 ).
136
Therefore, the maximum number of species combinations that could occur in these motifs is given by 137 the product of binomial coefficients, choosing three species from A and two from P:
Stouffer, 2016). The most appropriate normalisation depends on the question being asked. For example, 139 'normalise_sum' allows for consideration of whether species are more involved in smaller or larger 140 motifs. Conversely, 'normalise_sizeclass' focuses the analysis on how species form their interactions 141 among different arrangements of n nodes. 142 positions takes a network as input and returns a data frame, W, with one row for each species and one 143 column for each position (46 or 148 columns, depending on whether motifs up to five or six nodes are 144 requested, respectively; Fig. 1) . wrc gives the number of times species r occurs in position c. Each row 145 thus represents the structural role or 'interaction niche' of a species. The 'level' argument allows 146 positions to be requested for all species, species in set A only or species in set B only, returning a data 147 frame with A + B rows, A rows or B rows, respectively. Two types of normalisation are provided: 'sum' 148 normalisation expresses a species' position frequencies as a proportion of the total number of times that 149 species appears in any position; 'size class' normalisation uses the same approach, but normalises 150 frequencies within each motif size class. Again, the most appropriate normalisation depends on the 151 question being asked: if movements between motif size classes are of interest, 'sum' normalisation is 152 most appropriate; if the focus is on how species form interactions among a given number of nodes, then 153
'size class' normalisation should be chosen. 
167
Functions were timed on 175 empirical networks, for motifs containing up to five and six nodes. Lines are best 168 fit polynomial curves of degree 2.
169
As expected, the time taken for a function to run increases monotonically with the size of the network 170 (number of species). When six-node motifs were excluded, mcount and positions took 0.36 and 0.66 171 seconds, respectively, to complete for the largest network in our dataset (797 species 
Seconds
We carried out additional analyses using randomly-generated networks to disentangle the effects of 181 both network dimensions and connectance on computational performance (Appendix S1). We found 182 that connectance had little effect on the performance of individual motif and position calculations, while 183 a polynomial of degree two explained the increase in time with network size (R 2 > 0.99) (Appendix 184 S1). 185
186
Example analyses
187
Comparing community structures 188
Here we use bmotif to examine the assembly and disassembly of an Arctic plant-pollinator community. We used mcount to calculate motif frequencies in each daily network in both years, normalised using 193 'normalise_nodesets'. Days 1 and 24 in 1996, and days 1 and 26 in 1997, were excluded from the 194 analysis as they were too small for some motifs to occur. Using nonmetric multidimensional scaling 195 (NMDS), we visualised how the community structure changed from assembly after the last snow melt 196 to disassembly at the first snow fall, in two consecutive years ( 
Implementation and availability
238
The bmotif package is available for the R programming language. The package can be installed in R 239 using install.packages("bmotif"). This paper describes version 1.0.0 of the software. 
